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Experimental Analysis of Gender Bias in Hiring within STEM Fields

Roya Kazimova
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Abstract

This study investigates the presence of gender bias in students’ hiring evaluations within STEM fields using a survey-based
experimental design with systematically varied resumes. Students were randomly assigned to evaluate one of four fictional
CVs, differing by candidate gender and qualification strength. Participants rated the applicants on competence, hireability,
salary recommendation, and willingness to offer professional support. The results reveal no consistent bias in favor of male
candidates; however, strong male applicants received higher salary suggestions, while female candidates were more likely to
be offered professional support. These patterns are primarily driven by interactions between candidate gender and resume
strength. The effects are most pronounced among participants from Eastern Europe and older participants, suggesting a role
of social background in shaping perceptions. The findings highlight how implicit biases may form prior to labor market entry
and underscore the need for early educational interventions to promote equitable hiring perceptions in STEM.

Keywords: gender bias; hiring discrimination; survey experiment; resume evaluation

1 Introduction

In recent years, there has been growing attention to diver-
sity and inclusion in the workplace, especially in areas where
women are still underrepresented. Many companies, univer-
sities, and policymakers are trying to better understand and
reduce hidden biases that can affect hiring and promotion
decisions (Wilkinson & Barry, 2020). These efforts are espe-
cially important in STEM, where gender gaps remain despite
efforts to improve equality (Evagorou et al., 2024). One of
the key questions in labor economics and gender studies is
whether gender bias continues to influence hiring decisions
in these male-dominated sectors. These biases not only limit
women’s access to employment but also affect long-term ca-
reer growth, salary progression, and leadership opportuni-
ties.1 According to the Gender Social Norms Index by United
Nations Development Programme (2023), 85% of the global
population has biased views against women, and more than
half believes that men are better suited for leadership posi-
tions.

While there is strong evidence that gender bias affects
real-world hiring decisions, most existing research has fo-
cused on the behavior of employers or experienced profes-
sionals. For example, Quadlin (2018) conducted a large-
scale field experiment and found that women with high aca-
demic performance were rated as competent but less likable

1 McKinsey & Company, Women in the Workplace 2024: The 10th-
Anniversary Report, 2024,
https://www.mckinsey.com/featured-insights/diversity-and-inclusion
/women-in-the-workplace.

and hirable than men with moderate academic records. This
suggests that even when qualifications are equal or superior,
gender stereotypes can significantly shape hiring outcomes.
However, much less is known about how university students,
who represent the next generation of hiring professionals,
perceive and internalize such biases. This gap is particularly
relevant in STEM contexts, where common stereotypes (e.g.,
"math is a male domain") shape both other people’s opinions
and personal confidence (Correll, 2001).

This study investigates how university students with di-
verse academic and professional backgrounds perceive gen-
der bias in candidate evaluation. By focusing on students
in interdisciplinary programs combining technical and man-
agerial studies, the research captures perspectives that are
highly relevant to future decision-making in both STEM and
organizational contexts. Most participants have prior work
experience, adding practical insight to their evaluations. The
study uses a survey-based experimental design in which par-
ticipants assess fictional job applicants, allowing a systematic
investigation of how gender might affect candidate evalua-
tion. This approach shows how students think about gender
bias before they enter professional roles and start making hir-
ing decisions.

Preliminary findings from the survey experiment reveal a
more complex picture than anticipated. Contrary to expec-
tations, male candidates were not consistently favored and
were in some cases rated lower on hireability compared to
equally qualified female applicants. While direct gender ef-
fects were limited, interaction patterns suggested that strong
male candidates were more likely to receive higher salary rec-
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ommendations but were less likely to receive offers of profes-
sional support. Additionally, participants’ demographic char-
acteristics, particularly age and region of origin, significantly
influenced candidate evaluations. These results point to a
nuanced understanding of bias, shaped by social norms, cul-
tural background, and prior work experience.

This study contributes to existing research in three ways.
First, it examines whether university students recognize gen-
der biases in hiring, filling a gap in research focused on fu-
ture professionals rather than current employees. Second,
it analyzes the role of demographic factors such as gender,
field of study, and work experience in shaping students’ hir-
ing evaluations. Third, it explores whether students’ percep-
tions of gender bias translate into biased hiring decisions in
a controlled experimental setting. By identifying the extent
to which students recognize hiring biases and how these bi-
ases affect candidate evaluations, this research contributes
to developing educational interventions and hiring policies
that promote gender equality in STEM fields. Understanding
how future professionals perceive and respond to gender bi-
ases can inform diversity initiatives, helping to create more
equitable hiring practices in STEM and beyond.

The remainder of the paper is structured as follows. Sec-
tion 2 presents the literature review on gender bias in hiring,
experimental methodologies, and perception research. Sec-
tion 3 describes the methodological approach, including the
survey experiment design and data collection. Section 4 out-
lines the steps of the data analysis. Section 5 presents the
empirical results. Finally, Section 6 offers a discussion of the
findings and concludes the paper.

2 Literature Review

Research shows that gender bias still affects hiring deci-
sions, even when men and women have the same qualifica-
tions. These biases are often subtle and may not be imme-
diately apparent, but they can still influence how candidates
are evaluated. In their famous study of orchestra auditions,
Goldin and Rouse (2000) demonstrated that "blind" evalu-
ation – when the screen hides the musician’s identity – sig-
nificantly increases the chance that women will be selected.
The results of the study show how even minor cues related
to gender can influence decision-making and how removing
identity-related information can reduce bias. Bias is espe-
cially likely to appear in roles that are typically associated
with one gender. Employers may not discriminate against
women overall, but may be more hesitant to hire them into
male-dominated positions, and vice versa for men. This pat-
tern reflects the persistence of gender stereotypes in the labor
market (Rich, 2014). When a woman enters a role in a male-
dominated field, her competence may be judged not only by
her resume but also by stereotypical perceptions of who is
"naturally suited" for the role. Over time, even these small
patterns of judgment can create unequal starting points in ca-
reers. Moreover, they can accumulate and lead to long-term
negative consequences for women’s careers, such as harsher

evaluations, lower starting salaries, or fewer opportunities
for advancement (Hardy III et al., 2022).

Despite growing attention to gender equality, women re-
main underrepresented in STEM fields, especially at higher
academic and professional levels. Large-scale studies have
shown that women in STEM often face slower career progres-
sion. Holman et al. (2018), for example, analyzed over 36
million scientific publications and found that women are less
likely to be listed as lead authors. Since being a lead author is
important for academic recognition and promotion, the lack
of women in these positions shows how gender inequality
limits career growth in STEM. Bias in hiring further reinforces
inequality. STEM managers may apply different evaluation
criteria depending on the candidate’s gender. For instance,
men in decision-making roles often emphasize long working
hours when reviewing female applicants, while giving less
weight to core skills. Even small cues, such as including a
note about childcare support in a resume, can shift these per-
ceptions and reduce bias (Friedmann & Efrat-Treister, 2023).

Students already form opinions about gender, fairness,
and who is the most suitable for certain roles. These beliefs
can also shape what they expect from future workplaces. If
students believe that bias and discrimination are common,
this can discourage them from applying to certain jobs or
make them hesitant about entering male-dominated fields
like STEM. Previous research has shown that even experi-
enced professionals, such as university professors, tend to
rate identical resumes more favorably when they have a male
name (Moss-Racusin et al., 2012). If such bias exists among
academics, it raises important questions about how early
these patterns develop. Studies show that female students
are more likely to see gender discrimination as a serious
barrier to career success, while male students often believe
it is less common or less important. These differences are
influenced by personal experiences, education, and exposure
to diversity (Sipe et al., 2009). Since today’s students will
become tomorrow’s professionals and decision-makers, it is
important to understand their views now.

Discrimination in hiring is often difficult to measure
through surveys or self-reported data because people may
not be fully aware of their biases or may not feel comfortable
admitting them. For this reason, many researchers use
experimental methods to study biased behavior in a more
controlled and reliable way, like the resume evaluation
method. In this design, researchers send out fictional job
applications that are identical in qualifications but differ in
one key aspect, such as gender or ethnicity. This makes it
possible to see the effect of that variable on hiring decisions.
Bertrand and Mullainathan (2004), for example, found
that job applicants with white-sounding names received
significantly more callbacks than those with black-sounding
names, even though their resumes were otherwise the same.
In another study, Milkman et al. (2015) applied the same
method in academia and found that professors responded
less often to requests from female and minority students.

When studying hiring discrimination, researchers com-
monly employ two main types of experimental designs: field
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experiments and lab-based experiments. The former involve
realistic scenarios conducted in natural settings, such as re-
sume studies, where researchers submit fictitious resumes to
real job openings. The latter, on the other hand, are con-
ducted in controlled environments or online, allowing re-
searchers to precisely manage variables and conditions. An
important distinction exists between these two methodolo-
gies. Field experiments effectively capture real-world hir-
ing decisions and are more likely to reveal actual biases be-
cause participants are unaware that they are being studied.
In contrast, lab and online experiments provide researchers
greater control over the experimental conditions but may not
fully reflect real-life decisions, as participants typically face
no genuine consequences for their choices. As a result, in-
dividuals in lab settings might provide answers they believe
are socially desirable rather than truthful (Neumark, 2018).
Despite this limitation, lab and online experiments remain
valuable for understanding perceptions, attitudes, and cog-
nitive processes within a carefully controlled environment.

The aforementioned studies have clarified how gender
discrimination operates at different personal development
stages, noting, for instance, that girls’ interest in leadership
declines during adolescence (Alan et al., 2019), and that
women are less likely to negotiate salaries early in their ca-
reers (Babcock et al., 2003). These early patterns partially
explain why fewer women reach leadership positions.2 How-
ever, it remains unclear how early these tendencies form.
Specifically, little is known about whether such biases are
already present among students before entering the profes-
sional workforce. Addressing this gap is crucial, as under-
standing students’ perceptions could help mitigate biases be-
fore they become deeply rooted.

3 Methodology

This chapter outlines the methodology used in this study,
detailing the research design, survey structure, data collec-
tion process, and analytical approach. Section 3.1 presents
the research design, explaining the rationale for using an
experimental approach and describing the independent and
dependent variables. Subsection 3.1.1 provides a detailed
account of the experimental setup and procedure, including
how candidate resumes were developed and structured. Sec-
tion 3.2 describes the survey design, outlining the structure
of the questionnaire and the key measures used to assess par-
ticipants’ evaluations and perceptions. Section 3.3 explains
the data collection process, detailing the recruitment meth-
ods, survey distribution, ethical considerations, and response
rates. This structure provides a clear and organized overview
of the research process, forming the basis for analyzing gen-
der bias in hiring.

2 S&P Global, Women in Leadership: What’s the Holdup?, accessed March
22, 2025,
https://www.spglobal.com/esg/insights/featured/special-editorial/w
omen-in-leadership-what-s-the-holdup?utm_source=chatgpt.com.

3.1 Research Design
This study consists of two distinct methodological com-

ponents: experimental survey design and descriptive survey
analysis. The first part of the study employs a 2×2 between-
subjects factorial experimental design to examine gender
bias in hiring evaluations. Participants were randomly
assigned to evaluate one of four candidate resumes, varying
in gender (male vs. female) and qualification strength
(strong vs. weak). This design ensured that each participant
assessed only one candidate, preventing potential biases that
could arise from direct comparisons. The design simulates a
realistic hiring scenario, measuring hireability, competence,
salary expectations, and professional support willingness.
This method aligns with previous research on labor market
discrimination and provides a structured approach to testing
whether gender bias influences candidate evaluations. The
study manipulates two independent variables: candidate
gender and candidate qualification strength. The depen-
dent variables include hireability (likelihood of hiring the
candidate), competence (perceived ability and skills), and
professional support (willingness to offer help in academic
or professional settings). In addition, five demographic
characteristics (participant age, gender, country of origin,
field of study, and work experience) were included as
control variables to account for their potential influence on
candidate evaluations.

The second part of the study employs a descriptive survey
analysis to examine participants’ perceptions of gender dis-
crimination in hiring, professional mentoring, and promotion
opportunities. Unlike the experimental section, this part does
not manipulate variables but instead presents a summary of
responses, calculating mean discrimination perception scores
across different participant groups (e.g., age, gender, coun-
try of origin, educational background, and work experience).
Additionally, three control variables such as discrimination
against women, men, and oneself, were derived from partic-
ipants’ responses. A total of 92 completed responses were
included in the final analysis. The data were analyzed using
R. Descriptive statistics were used to summarize the sample’s
demographic characteristics, reporting means, and standard
deviations. Additionally, a series of OLS and OLR models
with robust standard errors were performed to assess the in-
fluence of participant demographics and gender bias on can-
didate assessment scores. The survey experiment was struc-
tured to isolate the effects of candidate gender and qualifica-
tions while capturing nuanced differences in participant eval-
uations. Combined with demographic data, this approach al-
lows for a multifaceted analysis of potential biases and per-
ceived discrimination in STEM hiring contexts. The experi-
mental procedures are described in Subsection 3.1.1, while
the structure of the survey instrument and question formats
is outlined in Section 3.2.

3.1.1 Experimental Setup and Procedure
Building on the structure outlined in the Research Design

section, the experiment was designed to examine how

https://www.spglobal.com/esg/insights/featured/special-editorial/women-in-leadership-what-s-the-holdup?utm_source=chatgpt.com
https://www.spglobal.com/esg/insights/featured/special-editorial/women-in-leadership-what-s-the-holdup?utm_source=chatgpt.com
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participants evaluate job candidates and reflect on gender-
related challenges in hiring. Each participant took on the
role of a hiring manager and reviewed a resume on various
aspects related to their suitability for the job. To keep the
evaluation process realistic, participants were told that the
resumes belonged to real applicants and that their feedback
would help improve hiring decisions. After completing
the evaluation, participants answered a post-experiment
questionnaire focused on perceptions of workplace discrimi-
nation. The survey was conducted online via Qualtrics. The
following section explains how the resumes were developed
to systematically vary candidate gender and qualification
strength. The template for the resumes was selected based
on online research as one of the most popular templates in
the job market. This approach replicates the methodology
used by Bertrand and Mullainathan (2004), who constructed
resumes based on real templates and systematically varied
candidate qualifications to analyze hiring discrimination.
Like their study, resume differentiation in this experiment
was achieved through variations in academic performance,
technical expertise, and certification levels.

The candidate profiles were presented in a standardized
format, including consistent sections on education, skills,
work experience, and certifications. The content emphasized
a STEM background with a focus on electrical engineering,
complemented by some coursework in business-related
subjects. Each profile reflected a balance of theoretical
knowledge and practical experience, typical of entry-level
applicants in a technical-oriented field. To show differences
in candidate qualifications, their GPAs were adjusted to
reflect different levels of academic and analytical ability.
Candidates with lower GPA scores were portrayed as having
weaker theoretical skills, while those with higher GPAs
emphasized stronger academic performance. MATLAB, an
important tool for electrical engineers, was added to the
strong resumes to highlight stronger technical expertise
(Stanculescu et al., 2009). Weak resumes included fewer
technical skills. Differences in certifications (e.g. IELTS and
GMAT) and scores were designed to indicate varying levels
of ambition and competence. Strong resumes included
higher scores and additional certifications. The experience
levels of the candidates were differentiated by length of
employment and range of responsibilities. Strong profiles
showed longer work experience and more hands-on tasks,
suggesting a higher level of professional development. Since
applicants with more work experience are often seen as more
competent, experience was used as a key difference between
profiles (Paloniemi, 2006). The described candidate resumes
used in the experiment are provided in Appendix B.

The fictitious candidates were named Sophie and Max
Schneider. These names were carefully chosen to convey
a clear gender identity without causing confusion, which
was crucial, given the study’s focus on gender perceptions
in hiring decisions. Another deciding factor in selecting
these names was their popularity among German newborns
between 1997 and 2005, which aligned with the expected

age range of recent university graduates.3 This ensured
that the names would feel familiar and realistic to survey
participants. Schneider, one of the most common surnames
in Germany, particularly in the southern regions, was se-
lected to further enhance the authenticity of the candidate
profiles.4

Participants received an introduction explaining the pur-
pose of the study – to simulate a hiring decision – without re-
vealing its specific focus on gender bias to avoid influencing
answers. They were instructed to carefully review the can-
didate’s resume and assess them on key dimensions, includ-
ing hireability, competence, and potential starting salary. Af-
ter evaluating the candidate, participants completed a short
follow-up questionnaire on gender discrimination. On aver-
age, participants spent approximately 8 to 10 minutes com-
pleting the entire survey, including both the resume evalu-
ation and post-experiment questionnaire (Kost & da Rosa,
2018). This duration is in line with the best practices for on-
line surveys, where engagement typically declines after 10
minutes.5 The experiment was carefully controlled to ensure
the data could be used to draw valid conclusions about par-
ticipants’ views on gender-related challenges in hiring.

3.2 Survey Design
The survey is designed to collect data in a structured for-

mat, comprising three main sections: Demographic Ques-
tions, Experimental Evaluation, and Perception of Discrimi-
nation Questions. Each section is designed to ensure compre-
hensive data collection while maintaining data quality and
participant engagement. The full version of the survey is pro-
vided in Appendix C.

In the first section, demographic data is collected to
understand the background and characteristics of the par-
ticipants. These include 7 questions based on age, gender,
country of origin, pursued university degree, field of study,
previous field of study, and work experience. Age was
included to analyze possible generational differences, such
as attitudes toward gender roles (Meagher & Shu, 2019;
Yigit & Ali, 2024). Country of origin was included to capture
cultural and societal influences, recognizing the diversity
of norms across countries, which might be an interesting
topic for future research (Cuddy et al., 2015). Questions on
current and previous fields of study helped compare STEM
and non-STEM participants, focusing on discipline-specific
trends. Work experience provided insight into the extent
to which participants were affected by workplace dynamics

3 The names Max and Sophie were among the top 20 most popular baby
names in Germany during the 2000s, accessed March 19, 2025, https:
//www.babymed.com/unassigned/top-german-baby-names-germany-2
000s.

4 Wikipedia, List of the Most Common Surnames in Germany, last modified
March 19, 2025, https://en.wikipedia.org/wiki/List_of_the_most_com
mon_surnames_in_Germany.

5 SurveyMonkey, Survey Completion Times: How Long Do People Take to
Complete a Survey?, accessed March 19, 2025, https://www.surveymonk
ey.com/curiosity/survey_completion_times/.

https://www.babymed.com/unassigned/top-german-baby-names-germany-2000s
https://www.babymed.com/unassigned/top-german-baby-names-germany-2000s
https://www.babymed.com/unassigned/top-german-baby-names-germany-2000s
https://en.wikipedia.org/wiki/List_of_the_most_common_surnames_in_Germany
https://en.wikipedia.org/wiki/List_of_the_most_common_surnames_in_Germany
https://www.surveymonkey.com/curiosity/survey_completion_times/
https://www.surveymonkey.com/curiosity/survey_completion_times/


R. Kazimova / Junior Management Science 11(3) (2026) 598-610 5

that may have influenced their perceptions of bias (Funk &
Parker, 2018).

Demographic questions helped to group independent
variables and conduct descriptive statistics to better charac-
terize the sample (e.g., gender distribution, average age).
In addition, these variables were used to analyze group
differences and find relationships between independent and
dependent variables, such as the possible influence of gender
on hireability ratings. Special attention was given to gender,
work experience, and fields of study, as these were the
main interests in identifying trends and understanding how
background factors contribute to participants’ perceptions
and evaluations. At this stage, a factual attention check
question is included to ensure data quality by identifying
inattentive or low-effort responses that could compromise
the reliability and integrity of the results (Kung et al., 2018;
Muszyński, 2023).

In the second section, participants are introduced to the
experimental part of the survey. This study used an exper-
imental audit research design typically used in field studies
to analyze discrimination, which simulated hiring scenarios
to examine gender bias in candidate evaluations of univer-
sity students. Students were asked to rate applicants for
entry-level electrical engineering roles. The electrical engi-
neering role was chosen with the goal that resumes did not
contain specific qualifications unfamiliar to students, as most
of the respondents had STEM backgrounds. Students were
provided with clear instructions on how to evaluate a candi-
date’s CV, emphasizing that they should carefully review the
qualifications and assess them based on several criteria. To
improve the quality of responses, participants were asked to
give honest evaluations, regardless of whether they thought
the application was strong or weak. A request for commit-
ment was also included, as research has shown that securing
commitment from participants promotes greater engagement
and increases the reliability of the data.6

The Candidate Evaluation section assessed whether stu-
dents exhibit gender biases when evaluating job applicants
based on resumes. Specifically, participants rated candidates’
competence, hireability, salary expectations, and willingness
to assist them in a professional or academic setting. This eval-
uation provided insights into whether gender influences stu-
dents’ hiring-related perceptions and decision-making. The
assessment questions were adapted from Moss-Racusin et
al. (2012), who investigated gender bias in hiring decisions
among science faculty. This study included the competence
evaluation criteria, which is a key determinant of hiring deci-
sions and is often influenced by implicit gender biases (Heil-
man, 2012). Participants rated the applicant’s competence
using three questions:

1. Did the applicant strike you as competent?

6 Qualtrics, Attention Checks and Data Quality: How to Improve Survey Re-
sponses, accessed March 19, 2025, https://www.qualtrics.com/blog/att
ention-checks-and-data-quality/.

2. How likely is it that the applicant has the necessary
skills for this job?

3. How qualified do you think the applicant is?

Responses were recorded on a 5-point Likert scale (1 = Not
at all, 5 = Very much), with higher scores indicating greater
perceived competence.

Hireability was evaluated to determine whether the gen-
der of an applicant influenced participants’ likelihood of se-
lecting them for a job. Prior research has shown that gender
bias often manifests in lower hireability ratings for equally
qualified female candidates (Rudman & Glick, 2001). To as-
sess this, participants responded to three Likert-scale ques-
tions:

1. How likely would you be to hire the applicant?

2. How likely would you be to recommend the applicant
for the job?

3. How likely is it that the applicant would actually be
hired for the position?

These items were rated on a 5-point Likert scale (1 = Not
at all likely, 5 = Very likely), with higher scores reflecting
greater perceived hireability.

Salary allocation indicates how much the evaluator
values the candidate’s contributions (Gerhart & Rynes,
2003). To examine this, participants were asked: "If you
had to choose a starting salary for this applicant, which of
the following would you select?". Response options ranged
from less than € 35,000 to more than € 70,000 per year
(before taxes). This salary range was chosen based on
market research, which identified € 50,000 as the average
entry-level salary for an electrical engineering position.7

This measure helped determine whether participants were
assigned different salaries based on the applicant’s gender,
reflecting perceived value and career potential.

Professional support was also adapted from the mentor-
ing measure used by Moss-Racusin et al. (2012). Unlike fac-
ulty hiring managers, students are not in a position to mentor
applicants. Therefore, the mentoring question was changed
to better reflect student evaluators’ experiences. Instead of
asking whether participants would mentor the applicant, the
question was: "If you were working alongside this candidate at
your university or in a similar professional setting, how likely
would you be to offer assistance if they were struggling with a
challenging concept or project?". The response was recorded
using a 5-point Likert scale ranging from Extremely unlikely
to Extremely likely.

In the third section, participants answer questions related
to their perception of gender-specific challenges in hiring,
mentoring, and promotion. More specifically, they an-
swered questions related to perceived discrimination against

7 PayScale, Electrical Engineer Salary in Germany, accessed March 19, 2025,
https://www.payscale.com/research/DE/Job=Electrical_Engineer/Sal
ary.

https://www.qualtrics.com/blog/attention-checks-and-data-quality/
https://www.qualtrics.com/blog/attention-checks-and-data-quality/
https://www.payscale.com/research/DE/Job=Electrical_Engineer/Salary
https://www.payscale.com/research/DE/Job=Electrical_Engineer/Salary
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women, discrimination against men, and discrimination that
might affect them personally (self-related discrimination).
These 5-point Likert-scale questions from Strongly Disagree
to Strongly Agree are designed to measure participants’
beliefs and attitudes toward gender discrimination and
bias within workplace settings, particularly in STEM fields.
These questions were adapted from Sipe et al. (2009), who
previously examined university students’ perceptions of
gender discrimination in the workplace. These questions
were modified to focus specifically on STEM fields, aligning
with the central research question of this study on gen-
der bias in STEM hiring. For example, the original item
"Women/Men are less likely to be promoted due to their
gender" was adapted to "Women/Men are less likely to be
promoted within STEM fields due to their gender". Such
modifications ensured that the questions directly reflected
the hiring environment relevant to the participants and the
study’s objectives. The specific questions included:

1. Women are less likely to be hired within STEM fields
due to their gender / Men are less likely to be hired
within STEM fields due to their gender.

2. Women are less likely to be promoted within STEM
fields due to their gender/ Men are less likely to be
promoted within STEM fields due to their gender.

3. Women face more challenges in networking and men-
torship opportunities within STEM fields due to their
gender / Men face more challenges in networking and
mentorship opportunities within STEM fields due to
their gender.

4. Women are more likely to be underpaid within STEM
fields compared to men with similar qualifications /
Men are more likely to be underpaid within STEM
fields compared to women with similar qualifications.

3.3 Data Collection
Data were collected over a two-month period, from 2

December 2024 to 3 February 2025, using an online sur-
vey hosted on the Qualtrics platform. Participants accessed
the survey through an automatically generated anonymous
link, which was distributed via multiple channels, including
the university mailing list, Moodle platform, class announce-
ments, and WhatsApp groups. Additionally, the university’s
Student Counseling department assisted with promoting the
survey to students.

Participants were invited to take part in the study through
a message that explained the survey was anonymous and
confidential (see Appendix B). After clicking the link, they
saw a short description of the study, which included its pur-
pose, the voluntary nature of participation, and the estimated
time to complete it. By continuing with the survey, partici-
pants gave their consent to take part and allowed their re-
sponses to be used for research. Qualtrics settings ensured

that no personal or sensitive information was collected. Par-
ticipants could leave the survey at any time without any con-
sequences. To eliminate bias in resume distribution, a ran-
domization tool in Qualtrics was used to ensure that each
participant received only one of the four possible resumes.

A total of 127 responses were recorded during the data
collection period. Of these, 92 were fully completed and
included in the final analysis. Participants who did not an-
swer all survey questions, including one who skipped the fi-
nal item, were excluded. To assess the comparability of the
groups, a balancing table was constructed. Table 1 presents
descriptive statistics across the four experimental conditions:
strong/weak resumes and female/male candidate gender. It
includes demographic characteristics of the participants (age,
gender, work experience, and STEM background), as well as
information on education and region of origin. The results in-
dicate that the groups are generally well balanced, with only
minor differences that do not suggest any systematic bias in
participant allocation. This supports the conclusion that the
random assignment procedure was successful and allows for
valid data analysis to follow.

4 Data Analysis

This chapter outlines the analytical strategy used to
examine participants’ evaluations of hypothetical job candi-
dates and their perceptions of gender-based discrimination
in hiring. The analysis includes both descriptive and infer-
ential components, beginning with an overview of variable
construction, followed by descriptive insights into perceived
discrimination, and concluding with a series of regression
models designed to test the main question of the study.

The analysis focuses on four primary outcome variables:
competence, hireability, professional support, and recom-
mended starting salary. Two key experimental variables,
the candidate’s gender, and qualification, form the core of
the independent variables. Candidate gender is coded as
a binary variable (0 = female, 1 = male), with female as
the baseline category. Candidate qualification is likewise
binary, where strong candidates are coded as 1 and weak
candidates as 0 (reference category). Several control vari-
ables are included to account for participants’ demographic
characteristics. These include gender (binary variable), age
(categorized with age groups), country of origin (grouped
into broader regional categories), academic background
(STEM vs. non-STEM), and work experience (with grouped
categories for years of experience). All categorical variables
are dummy-coded for regression analyses to isolate the
effects of candidate characteristics while accounting for
participant background.

To complement the analysis of candidate evaluations,
the study also explores how students perceive gender-based
discrimination in hiring and workplace dynamics. These
attitudes provide a critical context for interpreting evalu-
ation behaviors. Three perception variables were used for
this purpose: Discrimination Against Self, Discrimination
Against Men and Discrimination Against Women. These
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Table 1: Balancing Table of Resume Types

Variable Strong Female Strong Male Weak Female Weak Male

Mean Age 23.48 24.27 27.13 25.55
(3.96) (3.60) (5.36) (4.53)

Mean Gender (1 = Male) 0.43 0.43 0.65 0.48
(0.51) (0.51) (0.49) (0.51)

Mean Work Experience (1 = Yes) 0.83 0.87 0.86 0.95
(0.39) (0.34) (0.35) (0.21)

Bachelor’s Degree (%) 65.22% 52.17% 26.09% 43.48%
Master’s Degree (%) 34.78% 47.83% 69.57% 43.48%
PhD (%) 0.00% 0.00% 4.35% 13.04%
Mean STEM (1 = STEM) 0.52 0.52 0.65 0.61

(0.51) (0.51) (0.49) (0.50)

Regional Distribution
Caucasus (%) 43.48% 65.22% 21.74% 13.04%
Western Europe (%) 4.35% 8.70% 21.74% 17.39%
Eastern Europe (%) 13.04% 8.70% 17.39% 0.00%
MENA (%) 17.39% 13.04% 21.74% 52.17%
Asia (%) 13.04% 4.35% 17.39% 8.70%
Americas (%) 8.70% 0.00% 0.00% 8.70%

Sample Size 23 23 23 23

Notes: This table presents the balancing of the four resume types used in the experiment. Variables include key participant characteristics such as age, gender,
work experience, education level, and STEM, along with regional distribution. STEM is coded as 1 if the participant is from a STEM field and 0 otherwise. MENA

refers to the Middle East and North Africa region. Sample sizes represent the number of respondents per resume type.

questions asked about perceived bias in hiring, promotion,
salary offers, and mentoring or networking opportunities.
While these variables are not included in the regression
models as outcomes, they offer descriptive insights into how
gender bias is perceived by different student subgroups.
Group-based comparisons (e.g., by gender, study field, or
work experience) help identify patterns in perception that
may inform or parallel evaluation behaviors.

To investigate how candidate characteristics and partici-
pant demographics influence candidate evaluations, a series
of regression models were estimated. Competence, hireabil-
ity, and professional support were analyzed using OLS regres-
sion. These outcomes were measured on 5-point Likert scales
and treated as continuous variables to simplify analysis and
increase statistical power. However, for salary recommen-
dations, an OLR model was used. This choice reflects the
ordered nature of the salary data, which was collected in cat-
egories (e.g., € 35k–€ 45k, € 45k–€ 55k). OLR preserves
the ranking of these categories without assuming equal dis-
tances between them, making it more suitable than OLS in
this case. Robust standard errors were used in all models to
correct for potential heteroskedasticity and ensure reliable
statistical inference. This approach allows for appropriately
analyzing both interval-like and ordinal outcomes within the
survey experiment.

The central regression model is specified as follows:

Yi = β0 + β1 ·CandGender+ β2 ·CandQual

+ β3 · (CandGender×CandQual) + Xγ+ εi
(1)

In this specification, the outcome variable Yi represents
one of four participant evaluations of a hypothetical job
candidate: competence, hireability, professional support,
or recommended starting salary. β0 captures the baseline
evaluation score for a female candidate with weak qual-
ifications, assessed by a participant from the reference
group. CandGender is a binary indicator equal to 1 if the
candidate is male and 0 if female. CandQual equals 0
if the CV is weak and 1 if strong. The interaction terms
CandGender × CandQual are included to assess whether
the effects of candidate gender vary depending on the
qualification strength of the respondent. X is a vector of
control variables capturing participant characteristics (gen-
der, age category, country of origin, study field, and work
experience), γ is the associated vector of coefficients, and εi
is the error term. The results of analyses are presented and
interpreted in Chapter 5.

5 Results

This chapter presents the findings from both the descrip-
tive analysis and the regression models introduced in Chapter
4. It begins by exploring how participants perceive gender-
based discrimination in STEM fields. The second part of the
chapter examines how candidate characteristics and partic-
ipant demographics influence participants’ decision-making
in the simulated hiring scenarios.

5.1 Descriptive Statistics
This section examines students’ perceptions of gender-

based discrimination across three dimensions: discrimi-
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nation against women, against men, and against oneself.
Results vary by gender, work experience, academic back-
ground, and regional origin. Full descriptive statistics are
provided in Table A 6. Discrimination against women
was perceived as the most prevalent dimension of all.
Furthermore, female students reported substantially higher
awareness in this regard than male students (M = 3.54 vs.
2.65), and non-STEM participants also showed stronger
agreement. These results align with prior research suggest-
ing that women may be more attuned to structural gender
inequalities. In terms of regional differences, students from
the Americas expressed the highest levels of perception
with respect to bias against women, while those from
Western Europe were the least aware of the matter. In
contrast, discrimination against men received the lowest
overall ratings, though male students rated it slightly higher
than female students (M = 2.26 vs. 2.07). Perceptions
were somewhat elevated among STEM students and those
with 5–7 years of work experience. When it comes to
discrimination perceived on a personal level, students with
1–3 years of work experience reported the highest scores.
Female students and those from non-STEM fields again
reported greater concern, while participants with more
than seven years of experience expressed the lowest levels.
These results suggest that early-career students may feel
more vulnerable to bias, whereas longer experience may be
associated with greater confidence or adaptation to work-
place dynamics. Taken together, these findings highlight the
diversity of students’ beliefs and expectations surrounding
gender discrimination in STEM. The differences observed
across gender, experience, academic field, and regional
background provide important context for the experimental
results presented in the next section, where students’ actual
evaluation behaviors are examined.

5.2 Regression Analyses
This section presents the results of regression models as-

sessing how candidate gender and qualifications, along with
participant demographics, influenced evaluations across four
outcomes: competence, hireability, professional support, and
salary recommendations. Results are grouped by a depen-
dent variable, the key coefficients of each model are dis-
cussed in the text, and detailed regression tables are provided
below. The regression analyses were performed in multiple
stages. First, bivariate models estimated the effect of candi-
date gender or qualifications on the outcome variable with-
out including participant controls. These were followed by
multivariate models that controlled for respondent charac-
teristics such as age, gender, origin, academic background,
and work experience. Finally, the full models included inter-
action terms between candidate gender and qualifications to
assess whether evaluation patterns change depending on the
strength of the candidate’s profile.

Candidate Competence

As shown in Table 2, none of the experimental manipu-
lations significantly affected competence scores. In the bi-

variate model, male candidates were rated similarly to fe-
male candidates (β = −0.13), and this remained the case af-
ter including participant covariates (β = −0.11). Candidate
qualifications also had no significant influence on perceived
competence either in isolation or when adjusting for covari-
ates. The interaction between gender and qualifications was
consistently non-significant, including in the full model. In
contrast, some participant characteristics did shape compe-
tence evaluations. Participants aged 23–27 and over 33 pro-
vided significantly higher ratings than those under 23. Addi-
tionally, respondents from Eastern Europe gave lower ratings
to all candidates, suggesting regional variation in evaluation
standards. No other demographic covariates had a notable
impact.

Candidate Hireability
Table 3 illustrates regression estimates for hireability

evaluations. Candidate gender significantly influenced
perceived hireability in the bivariate model, with male
candidates rated less hireable than female candidates
(β = −0.326). After controlling for participant demograph-
ics, this effect remained marginally significant (β = −0.276),
indicating a potential bias favoring female candidates. Can-
didate qualifications did not significantly predict hireability
in any model. However, the interaction between candidate
gender and qualification in Model 5 resulted in a marginally
significant positive coefficient (β = 0.565), suggesting
strong male candidates may be evaluated more favorably
than weak male candidates. This effect weakened in the full
model (β = 0.404) and was no longer significant. Among
participant covariates, those aged 23–27 and those over
33 gave higher hireability scores. Additionally, participants
from Eastern Europe tended to assign lower ratings. Other
demographic variables were not statistically significant.

Professional Support
Table 4 presents the results of OLS regression models of

participants’ willingness to offer professional support to can-
didates. In Model 1, which includes only candidate gender,
the coefficient for male candidates is negative (β = −0.109)
but not statistically significant, indicating that gender alone
does not predict the level of support. When demographic co-
variates are added in Model 2, the coefficient remains nega-
tive (β = −0.147) and non-significant. In Model 3, the effect
of candidate qualifications alone on professional support did
not show a significant correlation. However, when covari-
ates are added in Model 4, age shows a significant predictor,
especially for older participants. Model 5 introduces the in-
teraction between candidate gender and qualifications. The
main effect of being a strong candidate is marginally positive
(β = 0.435), but this is moderated by a marginally negative
interaction term (β = −0.652), suggesting that while strong
candidates generally receive more support, this effect may
not apply equally across genders. In the full model (Model
6), the interaction term remains negative (β = −0.728) and
marginally significant, indicating that strong male candidates
receive less support than expected based on the additive ef-
fects of gender and qualifications.



R. Kazimova / Junior Management Science 11(3) (2026) 598-610 9

Table 2: OLS Regression – Dependent Variable: Competence Score

Variable (1) (2) (3) (4) (5) (6)

Candidate Male -0.130 -0.112 – – -0.174 -0.064
(0.165) (0.153) (0.256) (0.207)

Candidate Strong – – 0.087 -0.0004 0.043 0.044
(0.165) (0.173) (0.230) (0.216)

Male × Strong – – – – 0.087 -0.093
(0.333) (0.274)

Constant 3.630*** 3.759*** 3.522*** 3.454*** 3.609*** 3.498***

(0.114) (0.169) (0.127) (0.204) (0.151) (0.210)

Covariates (Z) – ✓ – ✓ – ✓
R-squared 0.007 0.343 0.003 0.339 0.011 0.344
Observations 92 92 92 92 92 92

Notes: Robust standard errors in parentheses. ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.

Table 3: OLS Regression – Dependent Variable: Hireability Score

Variable (1) (2) (3) (4) (5) (6)

Candidate Male -0.326* -0.276* – – -0.609* -0.487*

(0.160) (0.163) (0.256) (0.236)

Candidate Strong – – 0.109 0.038 -0.174 -0.145
(0.164) (0.189) (0.196) (0.210)

Male × Strong – – – – 0.565* 0.404
(0.318) (0.284)

Constant 3.783*** 3.825*** 3.565*** 3.634*** 3.870*** 3.880***

(0.098) (0.215) (0.134) (0.280) (0.130) (0.273)

Covariates (Z) – ✓ – ✓ – ✓
R-squared 0.044 0.250 0.005 0.223 0.082 0.265
Observations 92 92 92 92 92 92

Notes: Robust standard errors in parentheses. ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.

Salary Recommendations

Table 5 presents the results of OLR regression models
analyzing salary expectations for the presented candidates.
In models 1 and 3, neither candidate gender nor candidate
qualification has a statistically significant effect on the rec-
ommended salary category. However, the coefficient for a
strong candidate is positive (β = 0.530) in Model 3, indi-
cating a tendency towards higher salary suggestions, though
this effect is not statistically significant. When controlling
for demographic covariates, strong candidates are signifi-
cantly more likely to receive higher salary recommendations
(β = 0.849). This effect persists in the full model, although
it is no longer statistically significant. In Model 5, we ob-
serve a positive, but non-significant interaction between can-
didate gender and qualifications. Later, the interaction be-
comes marginally significant in the full model, suggesting
that male candidates with strong qualifications may receive

higher salary recommendations than their female counter-
parts. These findings suggest that while gender and quali-
fications alone do not strongly predict salary recommenda-
tions, their interaction and the characteristics of the evalua-
tors themselves may play an influential role. An overview of
these findings is depicted in Figures B6–B8.

Influence of Participant Demographics

To explore whether certain participant characteristics
influenced how candidates were evaluated, I ran an addi-
tional set of models using only demographic variables. The
results are presented in Tables A 7 and A 8 in the Appendix
A. Participants aged 23–27 (β = 0.557) and especially those
over 33 (β = 0.916) gave significantly higher competence
ratings compared to the youngest group. The same age
groups also showed more willingness to offer professional
support, with the strongest effect observed among those
over 33 (β = 1.605). Age also had a positive effect on
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Table 4: OLS Regression – Dependent Variable: Professional Support Score

Variable (1) (2) (3) (4) (5) (6)

Candidate Male -0.109 -0.147 – – 0.217 0.231
(0.202) (0.227) (0.266) (0.329)

Candidate Strong – – 0.109 0.080 0.435* 0.417
(0.202) (0.235) (0.273) (0.295)

Male × Strong – – – – -0.652* -0.728
(0.402) (0.452)

Constant 4.000*** 3.637*** 3.891*** 3.486*** 3.783*** 3.411***

(0.139) (0.307) (0.133) (0.332) (0.198) (0.368)

Covariates (Z) – ✓ – ✓ – ✓
R-squared 0.003 0.214 0.003 0.210 0.035 0.245
Observations 92 92 92 92 92 92

Notes: Robust standard errors in parentheses. ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.

Table 5: Ordinal Logistic Regression – Salary Recommendations

Variable (1) (2) (3) (4) (5) (6)

Candidate Male -0.019 0.216 – – -0.453 -0.472
(0.378) (0.414) (0.531) (0.607)

Candidate Strong – – 0.531 0.849* 0.093 0.224
(0.383) (0.468) (0.534) (0.605)

Male × Strong – – – – 0.892 1.435*

(0.762) (0.866)

Covariates (Z) – ✓ – ✓ – ✓
AIC 259.96 266.55 258.03 263.48 260.65 264.31
Observations 92 92 92 92 92 92

Notes: Standard errors in parentheses. ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01. AIC = Akaike Information Criterion; lower values indicate better model fit.

hireability ratings, although the result for participants over
33 was only marginally significant (β = 0.924). Regional
origin also played a role in shaping evaluation behavior.
Respondents from Eastern Europe consistently rated can-
didates lower in terms of competence (β = -0.732) and
hireability (β=-0.454). A negative trend was also observed
among participants from Asia, particularly in competence
and support ratings. On the other hand, students from Asia
and the Americas were more likely to assign higher salary
categories, indicating potential regional differences in per-
ceived salary expectations. Work experience was especially
relevant for salary evaluations. Those with five to seven
years (β = -2.941) and more than seven years (β = -2.318)
of experience tended to suggest lower starting salaries,
which may reflect more cautious or realistic expectations.
Other demographic variables, including participant gender
and academic background, did not show a consistent or
statistically significant influence on candidate evaluations.

5.3 Robustness Check
To make sure that the main results are reliable, I repeated

the full model (Model 6) using only participants with a STEM
academic background (n = 53). This group is particularly
relevant because the study focuses on perceptions of hiring
in STEM fields. The goal was to test whether the patterns
found in the overall sample also appear among those most
likely to enter STEM careers. The results are summarized in
Table A 9.

Across all outcome variables, the main effects of candi-
date gender, qualification, and their interaction were not sta-
tistically significant. For competence ratings, however, demo-
graphic characteristics continued to play a role: older partic-
ipants (33+) gave higher competence scores, while partic-
ipants from Eastern Europe and Asia gave lower scores. A
similar pattern was observed in hireability ratings, where no
significant treatment effects emerged, although participants
from Eastern Europe tended to assign slightly lower scores.
For professional support, the only notable result was that
older participants were more willing to offer help to strug-
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gling candidates. Finally, salary recommendations showed a
marginally significant interaction effect (β = 2.55), indicat-
ing a possible tendency to favor highly qualified male candi-
dates. Age and origin again played a role, with older partici-
pants and those from Eastern Europe, Asia, and the Americas
suggesting higher starting salaries.

Overall, the robustness check using the STEM-only sam-
ple confirms that the direction of effects remains similar to
the full sample. While most treatment effects are not statis-
tically significant in this subgroup, the influence of partici-
pant demographics, particularly age and region of origin, re-
mains evident. These findings support the stability of the re-
sults and suggest that background characteristics continue to
shape perceptions, even within a more homogeneous STEM
population.

6 Discussion and Conclusion

To investigate how university students perceive gender
in hiring contexts, this study used an experimental design
with manipulated CVs to explore how they evaluate appli-
cants based on standard hiring criteria. The analysis consid-
ered both the direct effects of candidate gender and inter-
action effects with qualification strength, as well as the in-
fluence of respondent demographic characteristics. Despite
expectations based on generally accepted findings in labor
economics and psychology, the study did not reveal a con-
sistent preference for male candidates based on assessment
results. In simpler models, male candidates were rated lower
on hireability.

The presented results raise an interesting question about
how this shift may have occurred among students. One
plausible explanation is that the academic and cultural
environment of modern universities, where diversity and
inclusion are actively promoted, especially in STEM fields,
is beginning to create a more egalitarian mentality8 in
students. Perhaps the impact of inclusive discourse has
influenced their values, making them less likely to apply
traditional gender stereotypes in their evaluations. Social
desirability bias may still have influenced responses, as
students could have unconsciously adjusted their answers to
match internalized social norms about fairness and equality,
even without knowing the study’s true focus (Fisher, 1993;
Krumpal, 2013). While the direct effects of candidate gender
were limited, interaction terms revealed more nuanced dy-
namics. Strong male candidates were marginally more likely
to receive higher salary recommendations but less likely to
receive professional support compared to other groups. This
may reflect typical assumptions in male-dominated fields:
strong men are expected to be competent and independent
and, therefore, not need help. This pattern aligns with
the shifting standards framework (Biernat & Kobrynowicz,

8 According to the Oxford English Dictionary, egalitarianism is "the belief
in or advocacy of the principle that all people are equal and deserve equal
rights and opportunities."

1997), which suggests that people do not use a single, fixed
standard when evaluating others. Instead, they adjust their
expectations based on social group stereotypes, for example,
assuming women in STEM are less common, they might
be judged as "exceptional" for meeting the same criteria
expected of men. As a result, men might receive less support,
not because of bias but because of underlying expectations
that they should manage on their own in these roles.

Another key insight is that the evaluators’ background,
especially their age and region of origin, consistently in-
fluenced how they rated candidates across all outcomes.
Regional differences, especially among students from East-
ern Europe and Asia, may reflect cultural norms around
hierarchy, competition, or gender roles. For example, stricter
academic standards in some regions may influence how
competence is rated, while conservative gender norms
might shape attitudes toward female candidates. Moreover,
students with more work experience recommended lower
starting salaries, suggesting a more labor-market-aware
perspective. This indicates that participants’ views on
fairness and value may have been shaped not only by bias
but also by their practical experience and knowledge of how
the job market works. In addition to behavioral measures,
the study explored students’ perceptions of gender-based
discrimination. Perceptions of self-related discrimination
were strongest among early-career students, suggesting that
perceived vulnerability to bias may decline with experience.

While the study contributes valuable insights, several lim-
itations must be noted. First, the sample size (n = 92) limits
the ability to detect minor effects and fully explore subgroup
variation. Second, as in most online experiments, partici-
pants faced no real consequences for their decisions. This
may reduce ecological validity9, as real-life hiring involves
risks, incentives, and institutional norms that shape behavior
in ways experiments cannot fully simulate. Third, although
the average survey completion time was within an accept-
able range (8–10 minutes), some participants completed it
in under 7 minutes, raising concerns about attentiveness and
the depth of engagement with the evaluation task. Fourth,
while the resumes were designed to reflect a neutral, entry-
level electrical engineering position, participants from non-
engineering backgrounds (e.g., business and social sciences)
may have lacked the context to accurately interpret techni-
cal qualifications despite efforts to make the content broadly
understandable. Finally, the study focused solely on gender
and qualification strength.

These limitations open several promising directions for
future research. One important avenue is to explore inter-
sectional dimensions – such as ethnicity, age of the appli-
cant, or motherhood/fatherhood signals – to better under-
stand how multiple identities may compound bias in hiring
evaluations. Additionally, longitudinal research could exam-
ine how students’ attitudes evolve as they transition into pro-
fessional roles, revealing whether the relatively egalitarian

9 Ecological validity refers to how well the results of a study can be applied
to real-life settings and behaviors outside the experimental environment.
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patterns observed in academic settings persist or shift under
real-world workplace pressures. Cross-cultural studies could
also provide valuable insights by comparing results across
different countries or academic systems, helping to identify
which institutional features most influence bias-related be-
havior. Finally, future work should investigate the poten-
tial of educational interventions to reduce gender bias and
promote more equitable evaluation practices. Can targeted
training in bias awareness meaningfully change how people
evaluate others? And are such effects durable over time, par-
ticularly once individuals enter professional roles and face
more complex decision-making environments?

Taken together, the findings suggest that, while students
are not immune to bias, their judgments reflect a shift to-
ward greater awareness and caution. Compared to previous
generations, today’s students seem to be more sensitive to is-
sues of equity and inclusion. However, awareness alone may
not eliminate deeper social expectations or implicit assump-
tions. As bias appears increasingly context-sensitive and less
predictable, efforts to combat it must also evolve through ed-
ucation, reflection, and policies that take into account the
complex ways in which bias operates in practice.
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